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Abstract 
 
Introduction: decisions can be seen as the end product of a sequential accumulation process of sensory 
evidence in favor of any decision alternative. As soon as the accumulated evidence meets a set decision 
threshold a decision is made. Often decision makers need to find a balance between competing speed and 
accuracy demands, a balance referred to as the speed-accuracy tradeoff (SAT). The parameters of the SAT can 
be represented by drift-diffusion models that provide a mathematical representation of sequential evidence 
accumulation and the decision threshold. In the context of drift-diffusion models the SAT is controlled by the 
height of this threshold. Higher thresholds correspond to decisions that are accurate and slow while low 
thresholds correspond to decisions that are fast and inaccurate. Recently, several authors have enriched this 
mathematical approach to decision making with neurophysiological data by trying to identify the neural 
implementation of decision threshold modulation. Here we build on these earlier studies by further 
investigating the role of the striatum and the subthalamic nucleus in threshold modulation. First, it is thought 
that the striatum responds to a pretrial emphasis on decision speed by increasing its activation, thereby 
lowering the response threshold. Second, several authors have proposed that an emphasis on decision 
accuracy leads to increased subthalamic nucleus activity that can be related to an increase in the decision 
threshold. Methods: in the current study we tested both views in a perceptual decision task with a speed-
accuracy manipulation.  We combined a drift-diffusion estimate of the decision threshold with ultra-high 
functional magnetic resonance imaging (7T fMRI) of the striatum and the subthalamic nucleus during a pretrial 
emphasis on decision speed or accuracy. Results: the striatum showed an increase in the blood oxygenation 
level dependent (BOLD), during a pretrial emphasis on decision speed. The changes in the striatal BOLD-level 
however could not be related to a decrease of the response threshold. Under a pretrial emphasis on accuracy 
the subthalamic nucleus did not show a significant change in the BOLD-level, and we were unable to 
substantiate a relation between an increase in the decision threshold and subthalamic nucleus activation. 
Conclusion: in contrast to other studies our results fail to support common theory about the role of the 
striatum and the subthalamic nucleus in decision threshold modulation. 
  
Key words: Drift-diffusion, HDDM, speed-accuracy tradeoff, basal ganglia, 7T fMRI  
 
1. Introduction 
 
Depending on situational demands decision speed can be traded for decision accuracy. For example 
during a law-suit a judge can make a fast verdict, based on as little information as is acceptable, or 
suspend judgment until more evidence is presented. While the former option generally results in a 
fast but bad verdict, the latter will be more accurate but necessarily slower. This tradeoff between 
decision accuracy and decision speed is referred to as the speed-accuracy tradeoff (SAT) (Bogacz, Hu, 
Holmes, & Cohen, 2010; Fitts, 1966; Wickelgren, 1977;). This ability of a decision maker to trade 
decision speed for accuracy is a phenomenon observed across species (Chittka, Dyer, Bock, & 
Dornhaus, 2003; Rinberg, Koulakov, & Gelperin, 2006), and across tasks (Bogacz et al., 2010). Over 
the last half a century psychologists have tried to understand the mechanisms behind the SAT in 
perceptual decision making by representing its parameters in series of mathematical models. Within 
these models sensory evidence in favor of any decision alternative is accumulated until a threshold is 
reached after which a decision is made (Ratcliff & McKoon, 2008). 
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The emergence of model-based neuroscience has enriched these models by providing neural 
correlates of decision behavior (Mulder, van Maanen, & Forstmann, 2014). Over the last decade this 
neurophysiological take on mathematical models has gained in popularity in the cognitive sciences, 
since it allowed for the decomposition of the decisions process in observed behavior and the 
cognitive processes that constitute that behavior (Standage, You, Wang, & Dorris, 2013; Furman & 
Wang, 2008); thereby combining neurophysiological data with a mathematical approach to decision 
making (Bogacz, 2007).  Within SAT literature a lot of attention has been devoted to the neural 
correlates of the decision threshold (Gold & Shadlen, 2007). Recent evidence indicates that basal 
ganglia, a collection of mid-brain nuclei, can modulate the height of the decision threshold when 
there is an emphasis on fast decision making.  The striatum, one of the basal ganglia input nuclei, is 
thought respond to an emphasis on decision speed by increasing its activation level. The increase in 
striatal activation can be related to a decrease of the decision threshold, leading to faster responses 
with a relatively high error rate (Forstmann et al., 2008; Green, Biele, & Heekeren, 2008).  
 
In the present article we extent on the role of the basal ganglia in balancing the speed and accuracy 
of perceptual decisions. Specifically we are interested in how basal ganglia activity that is elicited 
through an emphasis on either decision speed or decision accuracy can be related to an estimation 
of the response threshold.  First, we extend on earlier theory about the role of the striatum in fast 
decision selection. With an emphasis on decision speed the basal ganglia output nuclei are thought 
to release their inhibition of the motor cortex in response to increased striatal activity, leading to 
fast decision selection and a corresponding decrease of the response threshold. Second, while the 
role of the striatum in fast decision selection has been extensively validated (Forstmann et al., 2008; 
Ivanoff, Branning, & Marois, 2008; van Veen, Krug & Carter, 2008), it remains unclear whether other 
basal ganglia nuclei respond to an emphasis on accurate decision making by increasing the decision 
threshold. According to some authors the default state of the striatum is one of response caution 
(Fleming, Thomas & Dolan, 2010). In this take on striatal functioning where accurate choices are 
selected by default the involvement of additional basal ganglia nuclei could be superfluous.  
 
Here we explore an additional account of accurate decision selection that attributes an increase in 
decision accuracy to activity in the subthalamic nucleus (STN). The STN hypothesis proposes that the 
STN receives additional excitatory input from the frontal cortex whenever there is a need for a more 
careful response mode (Frank, Scheres, & Sherman, 2007). While several authors have shown that 
the STN might be involved in setting response caution, most data supporting this claim has only been 
provided by modeling studies, and no study till date has shown the direct involvement of the STN in 
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the modulation of the response threshold (Frank, 2006; Frank, Scheres, & Sherman, 2007; van 
Maanen et al., 2011). This could be due to the small size of the STN that makes it very hard to make 
accurate correlations between STN activity and estimations of the response threshold.   
 
Contrary to other human fMRI studies in this field that use 3T MRI, we use high resolution (7T) fMRI 
to identify the role of the basal ganglia nuclei in SAT modulation. We measure changes in the blood 
oxygenation level dependent (BOLD) in the striatum and the STN during a pretrial emphasis on 
either decision speed or accuracy in a perceptual decision task. The speed and accuracy related 
changes in the BOLD signal will be combined with a drift-diffusion estimate of the response 
threshold. While we are mainly interested in the modulatory role of the STN and the striatum, we 
measure activity in two basal ganglia output nuclei as well (globus pallidus both external GPe and 
internal GPi), since cue-related changes in the input nuclei might reflect on activity in the output 
nuclei. However, we have no specific hypothesis about cue-related activity in these regions. 
Therefore these regions will only be included in the analysis for exploratory purposes.  Before we 
extend on the role of the striatum and the STN in decision threshold modulation, we shortly 
elaborate on the mechanisms behind the SAT by discussing its parameters in the context of the drift-
diffusion model, while working towards a neural account of SAT behavior. 
 
2. The SAT in decision making 
 
Most psychological and neurophysiological data suggests that perceptual decisions are driven by the 
accumulation of noisy sensory evidence in favor of any available decision alternative (Bogacz, 2007). 
Evidence accumulation continues until it meets a preset response threshold (Bogacz, Usher, Zhang, 
& McClelland, 2007). Strong evidence in favor of one specific decision alternative makes decision 
selection fast and easy. Decisions are difficult when it is hard to discriminate between the evidence 
in favor of any decision alternative. Decision difficulty is not what defines that SAT however. The SAT 
is concerned with changes in decision speed and accuracy at a static task difficulty. This makes the 
SAT a control mechanism in perceptual decision making that is set by the amount of bound 
separation (i.e. distance between the starting point of accumulation and the response threshold) 
(Gold & Shadlen, 2002; Simen, Cohen & Holmes, 2006). Over longer time-scales the SAT can be seen 
as an adaptive learning mechanism that tries to find a balance between available gain, and task 
conditions (Gold & Shadlen, 2002). Over shorter periods the SAT can be accomplished by a more 
flexible mechanism that allows for adjustments of the threshold-bound separation based on a pre-
trial emphasis on decision speed or accuracy (Forstmann et al., 2008; Heitz & Schall, 2012). In the 
current study we use the latter mechanism to elicit a SAT. Below we further elaborate on the SAT by 
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utilizing the explanetory power of the drift-diffusion model. We provide a short discussion on the 
drift-diffusion paramters in the framework of decision making and the SAT, before we discuss the 
hypothezised neural correlates of these parameters.  
 
2.1 The SAT in the framework of the drift-diffusion model 
 
Over the last decades the field of mathematical psychology has represented the parameters of 
decision making and the SAT in series of mathematical or behavioral models (Standage, Blohm, & 
Dorris, 2014). These models are formal accounts of the response time and error distributions of 
often two-choice decision tasks (Bogacz, Wagenmakers, Forstmann, & Nieuwenhuis, 2010). While 
there are several classes of formal decision models, sequential sampling models are currently the 
standard for modeling response-time data (Townsend & Ashby, 1983; Smith & Ratcliff, 2004; Wiecki, 
Sofer & Frank, 2013). For the sake of brevity I will only discuss the parameters of decision making 
and the SAT in the context of one of the most common sequential sampling models, the drift-
diffusion model (DDM) (Ratcliff & Rouder, 1998).   
 
The DDM models decision making for forced two-choice tasks. Each choice is represented as the 
upper and lower boundary of an evidence accumulation process. The accumulation process 
terminates as soon as the accumulated evidence crosses a response boundary (Ratcliff & Smith, 
2004). An example of the DDM is presented in figure 1. In the DDM the SAT is controlled by the 
amount of separation between the upper and the lower threshold or bound. A large separation 
allows for longer periods of evidence accumulation, providing an increased chance of identifying the 
correct decision alternative (Shadlen, Newsome 2001; Usher, McClelland 2001). Smaller levels of 
boundary separation often lead decisions that are fast but rather inaccurate since they are based on 
little sensory evidence (Heitz & Schall, 2012; Veen, Krug, & Carter, 2008).  
 
The DDM uses seven parameters to describe the decision process.  Both decision alternatives are set 
as an upper and lower threshold. The measure of separation between the starting point of 
accumulation and a threshold is described by the DDM parameter a. Evidence in favor of either 
decision alternative is accumulated from starting point z over time until one of the thresholds is met 
(Smith & Ratcliff, 2004). The speed with which sensory evidence is accumulated is determined by the 
DDM parameter v (drift-rate). Higher values of v correspond to faster and generally more accurate 
choices (Frank et al., 2015). A response is made as soon as the accumulated sensory evidence 
crosses the threshold. The total amount of response time is comprised by the time necessary to 
accumulate the sensory evidence before a response can be made, plus additional non-response time 
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for perception, movement initiation and execution, described by parameter t. Any additional bias 
and inter-individual variability is captured in three additional parameters sz, st and sv (Ratcliff & 
Tuerlinckx, 2002). 
 
Decision time is affected by both the quality of the sensory information that in turn determines 
accumulation speed (i.e. drift rate; high quality sensory information leads to a fast drift since 
evidence can be easily accumulated. High drift rate is associated with relatively fast and accurate 
decisions) and the level of boundary separation. By emphasizing decision speed or decision accuracy 
boundary separation decreases or increases respectively.  Since evidence accumulation only 
continues until the response threshold is met, emphasizing different modes of decision making 
affects both decision time and accuracy. By emphasizing decision speed, the overall integration time 
is shortened since evidence is only integrated until it crosses the lower threshold which often results 
in inaccurate decisions. With an emphasis on decision accuracy evidence is integrated until it crosses 
the higher threshold, leading to longer integration times and a higher amount of accurate decisions. 
Thus, in the framework of sequential sampling models  an emphasis on decision speed corresponds 
to a lower threshold while an emphasis on decision accuracy corresponds to a higher threshold (note 
that most models of decision making assume for the sake of simplicity that the starting point of the 
model is fixed. Changing the starting point of the model would be mathematically equivalent to 
changing the threshold).  
 
Figure 1.Illustration of the diffusion model for two different trials under an emphasis on decision accuracy. 
Both sample paths are derived from a random walk designed to mimic the diffusion process. Accumulation 
starts after a short non-decision time t at starting point Z. The lower boundaries –B and –b indicate 
erroneous decisions under accuracy or speed emphasis respectively. The upper boundaries B and b indicate 
correct decisions under accuracy or speed emphasis. Boundary separation is depicted by a, that represents 
the distance between the correct and incorrect thresholds, in this figure shown for accuracy trials only. 
Here we simulated the drift process under accuracy emphasis. Under speed emphasis however 
accumulation for both trials would terminate at point (T).. The speed of accumulation as a measure of 
average accumulation speed (drift-rate, v) is not included in this figure.  
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In the current study we use hierarchical Bayesian estimation of the parameters of the DDM (HDDM).  
The HDDM includes Bayesian estimations of the parameters of both drift-diffusion models (Ratcliff & 
Rouder, 1998) and the linear ballistic accumulator (LBA), which belongs to the class of race models 
(Brown & Heathcote, 2008; Wiecki, Sofer & Frank, 2013).  It allows fast and flexible estimation of the 
decision parameters in a way that requires fewer data per subject than other models of decision 
making. This property makes the HDDM ideal for using in tandem with fMRI measures of decision 
making. Here we use the HDDM to estimate response thresholds in a perceptual decision task with a 
SAT manipulation. 
 
2.2 Neural correlates of decision making 
 
The DDM presented above can be seen as an abstract algorithm that is used to characterize 
perceptual decision making. The parameters of this model do not necessarily require neural 
implementation before they can be used in the framework of perceptual decision making. However, 
it can be useful to combine these parameters with their underlying neural processes whenever they 
resemble neural activity.  
 
Over the last decades several authors have provided a general neural interpretation of the DDM 
parameters by providing evidence for neural populations sensitive to sensory information, neural 
populations that integrate that evidence and neural populations that determine whenever enough 
sensory information is accumulated to reach a decision (Standage, Blohm & Dorris, 2014). For 
example Britten and colleagues (1993) showed in a single-unit recording study that during a random 
dot motion task (RDM) where participants need to decide on the direction of a proportion moving 
dots, the medial temporal area (MT) responds by selectively changing its activation based on the 
direction of the dots. Other single-unit recording studies have provided evidence for trial related, 
pre-decision build-up activity in the lateral intra-parietal area (LIP) that resembled evidence 
accumulation (Britten, Shadlen, Newsome & Movshon, 1992; Roitman & Shadlen, 2002). Similar data 
have been recorded in other cortical areas such as the dorsolateral prefrontal cortex (dlPFC) and the 
frontal eye fields (Kim & Shadlen, 1999; Ding & Gold, 2012). Recently, two studies have provided 
evidence for differences in build-up activation between selective pools of neurons that coded for 
chosen and not chosen decision alternatives. Both studies showed a decrease in firing rates for the 
not chosen alternative prior to response selection, and a corresponding increase in neural firing 
rates for the chosen response prior to decision making (Bollimuta & Ditterich, 2011; Ding & Gold, 
2012). Together the studies cited above have provided neural evidence for the registration and 
accumulation-to-bound of sensory evidence as modeled by the DDM. 
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2.3 Neural correlates of the SAT  
The neural interpretation of the DDM presented above provides a basis for discussing the neural 
correlates of the SAT. From a mathematical perspective the SAT can be accounted for by either a 
change in starting point or a change in threshold, since a change in either parameter affects the 
threshold-to-bound separation. In the SAT literature however there are two dominant accounts of 
the neural mechanisms behind SAT modulation that attribute the SAT to either a change in baseline 
activation (corresponding to a change in starting point) or a change in threshold. The former 
attributes the SAT to changes in baseline activation in populations of integrator neurons in the 
frontal cortex responsible for evidence accumulation (Heitz & Schall, 2012). In this ‘cortical 
approach’ an emphasis on decision speed would increase baseline activation in these populations, 
thereby decreasing boundary separation and thereby decision time. The latter attributes the SAT to 
changes in threshold height. In this ‘basal ganglia’ approach an emphasis on either fast or accurate 
decision making is translated in a corresponding change in threshold height by the basal ganglia. In 
the following sections we discuss both the cortical and the basal ganglia approach to the SAT. Here 
we show that while the SAT can be controlled by changes in baseline activation in cortical areas, it is 
more plausible to assume that the SAT is modulated by the setting of a threshold in the basal 
ganglia.  
 
2.3.1 A cortical account of the SAT. Several authors have proposed that the SAT is mainly modulated 
by changes in baseline activity in physically separated cortical units that handle the integration of 
sensory evidence (Furman & Wang, 2008; van Veen, Krug & Carter, 2008). The amount of baseline 
activity corresponds to the height of the starting point of evidence accumulation (Bogacz, 2007; 
Shadlen & Newson, 2001; Mazurek et al, 2003). Baseline activation is adjusted through the 
projection of non-evidence input (e.g. prior probabilities, bias or estimated reward) to the cortical 
units responsible for the accumulation of sensory evidence (Kable & Glimcher, 2009). The non-
evidence input increases or decreases neural firing rate in the integrator units prior to, and during 
the evidence integration process. Since the amount of baseline activation corresponds to the 
starting point of accumulation the change in firing rate adjusts the amount of boundary separation 
and thereby modulates the SAT.  
 
While the cortical approach is supported by both electrophysiological (Bollimunta & Dittrich, 2011; 
Ding & Gold, 2012) and human fMRI data (van Veen, Krug & Carter, 2008), it doesn’t cover a way for 
conflict handling between different decision alternatives that all vie for behavioral expression 
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(McMillen & Holmes, 2006). Redgrave and colleagues (2010) have pointed out that the resolution of 
such conflict by a central switch, rather than by the increase of communication between different 
cortical regions dramatically reduces the amount of necessary neural transmissions. Apart from a 
great reduction in decision time this approach conforms better to the anatomical organization of the 
brain (Alexander & Crutcher, 1990; McHaffie et al., 2005). An account of the SAT that includes a 
switch that could set a necessary level of evidence might therefore be better suited to explain SAT 
behavior. 
 
2.3.2 The basal ganglia, adjusting threshold circuitry. One set of candidate structures that is very 
well suited to act as such a switch are the basal ganglia (BG) (Bogacz & Gurney, 2007; Redgrave et 
al., 1999). The BG consist of a group highly interconnected sub-cortical nuclei that are closely 
connected with cortical and thalamo-cortical regions (Alexander & Crutcher, 1990; Hoshi, Tremblay, 
Feger, Carras, & Strick, 2005; McHaffie, Standord, Stein, Coizet, & Redgrave, 2005; Mink, 1996; 
Yelnik, 2002). Together the BG nuclei are associated with movement inhibition, action selection and 
perceptual decision making (Bogacz & Gurney, 2007; Ding & Gold, 2010; 2013; Graybiel, 1997; 
Redgrave et al., 2010).  
 
Within the BG network both the striatum and the STN (which serve as BG input nuclei) receive 
excitatory activation from the cortex. The striatum receives mainly afferent input from 
supplementary motor area and the frontal eye fields along a so-called direct path (Tekin & 
Cummings, 2002). Dysfunctions in direct path involve severe motor inhibition and response 
execution. The STN receives mainly afferent input from the anterior cingulate cortex (ACC) along a 
so-called hyper-direct path. Dysfunction of the nuclei that make up the hyper-direct path involves a 
severe lack of response caution. Based on common theory both these paths have been associated 
with speed and accuracy emphasis in the SAT respectively (Bogacz & Gurney, 2007; Smith et al., 
1998). This has led to two formal accounts of how the BG can modulate SAT behavior. Central to 
these hypotheses is the notion that by emphasizing decision speed or accuracy participants adopt 
different levels of response caution, that correspond to lower and higher response thresholds. First, 
the striatal hypothesis states that an emphasis on speed leads to an increase in striatal activation 
that in turn leads to faster decision selection.  In addition to the striatal hypothesis, the 'STN 
hypothesis' states that with an emphasis on decision accuracy, the STN increases the overall level of 
response caution so that decisions become slow but more accurate. A schematic representation of 
the direct and hyper-direct path is presented in figure 2. In the following section we shortly discuss 
the role of the direct and hyper-direct path in SAT modulation.  
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The striatum, facilitating decision selection Along the direct path the striatum receives excitatory 
input from the cortex. The excitation of the striatum releases its inhibitory control over the BG 
output nuclei (Nambu, 2011). In their default states the BG output nuclei exert tonic control over the 
motor system. Excitatory striatal input releases that inhibition, enabling fast decision selection.  
Several authors have shown that the nuclei along the direct path respond to speed emphasis. Ivanoff 
and colleagues (2008) let their participants perform a RMD task with increasing motion coherence 
under speed and accuracy conditions. Their data supports the assumption that the pre-
supplementary motor area (pre-SMA) that provides direct input to the striatum provides an adaptive 
baseline for the SAT that determines the amount of evidence that needs to be integrated in cortical 
areas. In line with these findings, Forstmann and colleagues (2008) showed that the BOLD-level in 
the pre-SMA and the striatum increased in response to a speed cue, supporting the hypothesis that 
the nuclei in the direct path are involved in speed-adjustments of the SAT. In an additional structural 
MRI study these last authors showed that the strength of connection between the striatum and the 
pre-SMA could be correlated to changes in response modes in a RMD task. Thus, participants that 
showed quick adaptations to changes in response modes showed stronger connectivity between 
these areas (Forstmann et al., 2010). Taken together these studies indicate that along the direct path 
Cortex 
STR STN 
Out 
M 
Figure 2. Schematic representation of basal ganglia circuitry; the direct pathway is depicted by the dotted line on the left. 
Along this pathway the cortex (presumably the pre-supplementary motor area) sends excitatory input to the striatum (STR) 
that in turn inhibits the BG output nuclei (Out), specifically the GPe/GPi. The output nuclei that in their default state tonically 
inhibit the motor circuitry now release that inhibition, thereby decreasing response inhibition so less evidence needs to be 
integrated before a response can be selected. The direct path is therefore associated with speed emphasis. The hyper-direct 
pathway is depicted by the dashed line on the right. The STN receives excitatory input from the cortex and in turns sends 
excitatory input to the output nuclei that in turn increase their inhibition over the motor cortex thereby increasing response 
inhibition. When the STN receives excitatory input from the cortex, more evidence integration is needed before a response is 
chosen. The hyper-direct path is therefore associated with accuracy emphasis.  
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the pre-SMA projects to the striatum that in turn adjusts its activation according to situational 
parameters such as an emphasis on decision speed, thereby enabling faster decision selection.  
 
The STN, modulating response caution While adjustments in the response threshold might be only 
due to activation changes along the direct path, several studies point to a role for the hyper-direct 
path and specifically the STN in increasing response caution. These studies have led to what is now 
known as the ‘STN hypothesis’ that states that with an emphasis on decision accuracy, the STN 
receives excitatory input from cortical areas, especially the ACC along the hyper-direct path. The 
increased activity in the STN increases the inhibitory control of the output nuclei of the basal ganglia 
so that motor responses, and ultimately decisions, become slow but more accurate. Evidence for this 
hypothesis is mainly provided by modelling studies, but there are some neurophysiological studies 
that show a specific role for the STN in response caution adjustments.  
 
In a recent study, van Maanen and colleagues (2011) showed that the amount of response caution is 
adjusted at each trial by the cortico-basal ganglia network. In their study they showed that changes 
in BOLD-signal during an emphasis on decision accuracy correlated to the anterior cingulate cortex 
(ACC). Their data indicated that the ACC that has strong projections to the STN might contribute to 
threshold adjustments and thereby the level of response caution, during an emphasis on decision 
accuracy. This is in line with earlier neural models of BG circuitry where the ACC projects to the STN 
whenever higher levels of inhibitory control, such as during an emphasis on decision accuracy are 
necessary (Frank, 2006). This hypothesis of BG functioning is strengthened by data from stop-signal 
tasks where ‘Stop’ trials that require increased response caution, correlated with neural activity 
along the hyper-direct path, supporting a role for the hyper-direct path in setting response caution, 
possibly  through an increase in the decision threshold (Aron & Poldrack, 2006). Finally, Zaghloul and 
colleagues (2012) showed that the STN mediates decision selection when there is cognitive conflict 
by increasing its activation, thereby delaying responses. This is in line with an earlier study of Frank 
and colleagues (2007) who showed that in high conflict situations the STN can modulate decision 
inhibition and response caution. In a later study these last authors extended on these results by 
showing that during conflict between decision alternatives, activity in the STN can to some extent 
explain variations in the response threshold, indicating that the STN can be modelled as a function of 
response caution. Together these findings provide some indirect support for the hypothesis that the 
hyper-direct path and specifically the STN are involved in setting the response threshold by 
increasing response inhibition.  
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2.4 The STN and the striatum; adjusting the decision threshold 
 
In the sections above we showed that there are two hypotheses about the modulation of the 
decision threshold. The first hypothesis states that under speed emphasis the striatum decreases the 
decision threshold thereby allowing fast decision selection. The second hypothesis states that under 
accuracy emphasis the STN increases its activation, thereby increasing the decision threshold. 
However, while there is ample evidence for the role of the striatum in fast decision selection, the 
role for the STN in accurate decision selection has never been directly validated. This might be due 
to the small size of the STN that makes it very difficult to correlate accuracy related changes in STN 
activation to model estimates of the decision threshold. Therefore it remains uncertain whether 
emphasizing decision accuracy can increase the activation of the STN enough so that it exerts its 
inhibitory control over the motor system which is reflected in a higher response threshold. One 
solution for the resolution problem is to use ultra-high field 7T MRI that provides a good signal to 
noise and contrast to noise ratio that, together with the increased spatial resolution, allows for the 
direct visualization and segmentation of small nuclei such as the STN (Beisteiner et al., 2011; Keuken 
et al., 2014). 
 
In the present study we use a version of the RDM in tandem with ultra-high resolution (7T) 
functional MRI to explore the above stated hypotheses. To capture cue related threshold 
adjustments the BOLD signal in the regions of interest (ROI’s) will be correlated to individual decision 
thresholds that are estimated with the HDDM. While outside the scope of the hypotheses, we also 
incorporate both sections of the globus pallidus (both external and internal) in the analysis. Both of 
these regions function as output nuclei of the basal ganglia and any cue related change in the STN or 
the striatum might very be mirrored in these regions.  
 
3. Materials and Methods 
 
Participants For the acquisition of our data we asked twenty healthy German speaking volunteers 
(M=26.7 years SD=1.7; 10 males) to participate in our experiment. No participant had a history of 
medical, neurobiological or psychiatric illness and all participants had normal or corrected to normal 
vision. All participants provided written informed consent prior to scanning and received monetary 
compensation for their participation after the experiment was completed. This study has been 
approved by the ethical comity of the Max Planck institute for Human Cognitive and Brain Sciences 
in Leipzig. Since all participants had extended experience with fMRI procedures, training to 
familiarize them with the MRI environment proved unnecessary.  
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3.1 Procedure 
  
Stimuli. In the current study we asked participants to complete a version of the random dot motion 
task (RDM). The RDM is widely used visual detection task in both non-human primate and human 
neuroscientific research (Britten et al., 1992; Gold & Shadlen, 2007; van Maanen et al., 2012; Pilly & 
Seitz, 2009). Here we used two versions of the RDM task. The first served as a calibration task were 
we used a simple RDM task with pseudo-randomly varying motion strength levels. For the second 
task we added a SAT manipulation to the RDM that included pretrial cues that indicated fast or 
accurate response modes. Both tasks took place in-scanner in one run with four blocks total (1 block 
calibration RDM and 3 blocks RDM with SAT manipulation). Anatomical scans were collected during 
the calibration task while functional scans were taken during the SAT manipulation. Instructions 
were provided verbally before the scan procedure and repeated in-scanner both verbally and on 
screen prior to each block.  During the RDM participants were asked to maintain focus on a fixation 
cross and indicate their decision about dot-movement direction by pressing a corresponding button 
with the index-finger of their right hand. The motion stimuli were similar to those reported 
elsewhere (Britten et al., 1992; Palmer et al., 2005; Mulder, Wagenmakers, Ratcliff, Boekel & 
Forstmann, 2012). White dots of 3 x 3 pixels were presented in a circle with a diameter of 5° on a 
black background with a density of 16.7 dots/deg2/s and a speed of 5°/s. The dots moved either 
randomly or coherently. For example a movement coherence of 50% would indicate that 50% of the 
dots would move in a coherent direction.  
 
 Pre-experimental calibration task. After task instruction and prior to the calibration task participants 
performed a 40-trial in-scanner training block to gain familiarity with the RDM. After the training 
trials the calibration task was directly initiated. During the calibration task each participant 
performed a 200-trial RDM task with interleaved stimuli that differed in difficulty (i.e., a motion 
coherence of 0 %, 10 %, 20 %, 40 %, or 80 %, 40 trials each). Lower coherence levels provided lower 
levels of evidence in favor of either direction, making decisions about dot movement increasingly 
difficult. The data of the calibration task was fitted with the proportional-rate diffusion model to the 
mean response times and accuracy rates using a maximum likelihood procedure (Palmer et al., 
2005). The dot-motion strength at the 80% accuracy level was then interpolated for each participant 
from the estimated psychometric curve. This value was used throughout the following experimental 
blocks for that participant so that difficulty level during the SAT would be comparable across our 
subjects.  
 
SAT Task. After the calibration task participants performed the same RDM task as before, but with 
slight modifications to elicit a SAT. Dot-motion strength during this part of the experiment was static 
at the level that was interpolated for each participant during the calibration task.  In addition we 
included a SAT manipulation in the form of pre-trial pseudo-random cues. These cues could either be 
‘ACC’ for accurate, or ‘SP!’ for speed. We emphasized that participants should try to be as accurate 
as possible for the ‘ACC’ trials and as fast as possible, without guessing, in the ‘SP!’ condition. Prior 
to each trial we inserted a variable oversampling interval of 2000ms or 4000ms during which a 
fixation cross was shown in the center of the screen followed by a 2000ms cue presentation. Cue 
presentation was followed by a second pseudo-randomized time interval chosen from a set of 
2000ms, 4000ms or 6000ms intervals. The imperative stimulus was presented until a decision was 
made with a maximum of 1500ms in the accuracy condition and 500ms in the speed condition. Each 
trial was followed by 450ms of feedback. Feedback contained cue related information about task 
performance.  For speed trials the feedback indicated that participants were correct, correct but too 
slow, incorrect and too slow, fast but incorrect or correct. For accuracy trials feedback indicated 
whether participants were correct or incorrect. The aim of the feedback was to provide participants 
with extra incentive to change their response modes to the one that was indicated by the current 
trial. An example of a typical trial is displayed in figure 3. Since the cue related adjustments of the 
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BOLD-signal were the primary focus of this study trials were presented in a random order. A block 
approach would dampen the SAT effect since the error rate would only increase during speed trials. 
In combination with negative feedback this would adjust the response modes from speed to 
accurate, diluting the effect of speed cues, and thus the SAT. The whole experiment consisted of 
three blocks (6 null-trials, 144 valid trials total) with pseudo-randomized jittert intervals between 
trials. Null-trials were included to compensate for the overlap of the blood oxygenation level-
dependent response between adjacent trials. The whole experiment lasted about 60 minutes. 
 
 
 
 
3.2 Behavioral analysis 
 
Descriptive results of the behavioral data from both the calibration task and the SAT task were 
analyzed with Matlab (MATLAB 14a, The MathWorks Inc.). The behavioral data of the calibration 
task were fitted with a proportional drift-diffusion model (Palmer et al., 2005) and dot motion 
strength levels at 80% accuracy were interpolated for each participant. In addition to the behavioral 
data of the calibration task we analyzed the mean accuracy and RT data of the SAT task as well. 
Mean RT and overall accuracy rates for all participants were analyzed with repeated measures 
ANOVA in Matlab (Matlab 14a, The MathWorks Inc.) to see whether an emphasis on fast or accurate 
decisions, in combination with the individual dot motion strength level indeed elicited a SAT in the 
behavioral data.    
 
 
2000ms 
Stimulus 
1500ms 
Feedback 
500ms 
2000ms/4000ms 
6000ms 
2000ms/4000ms 
Figure 3. An example of a typical SAT trial; trial onset is delayed with either 2000ms or 4000ms while the stimulus is randomly 
delayed with 2000-6000ms. Cue is either AC. For accurate trails or SP! for speed trials. Stimulus is presentation is bound by 
trial type; for SP! trials participants receive 500ms of allowed reaction time after which a trial is incorrect by default, while for 
AC. trials can take up to 1500ms. During feedback participants receive both temporal and accuracy information (i.e. correct 
but too slow). 
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3.3 Fitting of the hierarchical drift diffusion model 
 
Here we used hierarchical Bayesian estimation of the DDM parameters (Wiecki, Sofer & Frank, 
2013). The HDDM uses Bayesian methods that estimate the DDM parameters based on the full 
posterior distribution of that parameter, thereby quantifying uncertainty in the parameter estimate 
instead of providing a likelihood value (Ratcliff & Childers, 2015). In comparison to other drift-
diffusion estimation packages the HDDM can estimate the decision parameters based on fewer trials 
while allowing the simultaneous estimation of subject and group parameters. Therefore, models 
estimated with the HDDM emphasize on the statistical strength of the decision parameters as 
shared by the different participants (Ratcliff, Childers, 2015). We fitted the full HDDM to the SAT 
data for each participant separately. Since we were interested in whether cue related changes in the 
BOLD-signal in our ROI’s could affect the height of the response threshold we let that parameter 
vary across our speed and accuracy conditions, while keeping the starting point and all other model 
parameters including the bias parameters fixed. Since the HDDM is strongly affected by outliers 
(Ratcliff & Childers, 2015) we estimated that 5% of the trials were not generated by the DDM and 
were therefore excluded from the model. We used a Markov chain Monte Carlo sampling method to 
accurately approximate the posterior distribution of the model parameters. Ten thousand samples 
were drawn from the posteriors with a 5000 sample burn-in and a thinning factor of five to obtain 
convergence of the model parameters. Convergence of the chains was assessed with a visual 
inspection of the traces of the posteriors with an additional posterior predictive analysis. Posterior 
predictive plots for all participants for both speed and accuracy conditions are provided in appendix 
A. Some participants showed especially for accuracy trials some deviation between reaction time 
and the posterior predictive. Therefore we computed a Gelman-Rubin test of convergence with five 
parallel Markov chain Monte Carlo samples of our model with dispersed initial values, to test for 
deviations in inter and intra-chain variance as a measure of parameter convergence (R-hat<1.06).  
The Gelman-Rubin statistic indicated that our different chains all converged to the same target 
distribution so the deviations between the model and the posteriors do not affect model 
convergence. 
  
3.4 Data acquisition and MR contrasts 
 
All data was collected on a 7T whole-body MR scanner (MAGNETOM 7T, Siemens Healthcare Sector, 
Erlangen, Germany) with a 24-element phased head array nova coil (NOVA Medical Inc., Wilmington 
MA, USA). Two different MR contrasts were used in order to maximize the visibility of our different 
ROI's. We used a T1 weighted MP2RAGE and a T2* weighted FLASH. Whole brain images were 
acquired during the behavioral part of the experiment with an MP2RAGE (Marques, Kober, Krueger, 
Zwaag, Moortele, & Gruetter, 2010) sequence (TR=4500 ms, TE=2.38 ms, TI 1=900 ms, TI 2=2750 ms, 
voxel size: 0.9 mm isotropic, flip angle 1=6°, flip angle 2=3°, GRAPPA acceleration factor 3). In 
addition a multi-echo spoiled 3 dimensional (3D) gradient echo (FLASH) sequence (TR=43ms, 
TE=11.22 ms, TE=21.41 ms, TE=31.59 ms, flip angle=13°, voxel 0.5×0.5×0.5 mm³, 56 coronal slices) 
was acquired for each participant. Based on the phase information of the FLASH sequence 
quantitative susceptibility maps (QSM) were calculated, that served as an additional contrast for 
later ROI segmentation (Keuken et al., 2014). The BOLD-signal was measured during the functional 
experimental sessions using single shot echo-planar imaging (EPI) sequence (TR=2000 ms, TE=18 ms, 
flip angle = 90°, FOV= 192x192x46, voxel size=1,2 mm isotropic, 38 slices parallel to the AC-PC plane 
in interleaved order so that we got complete basal ganglia coverage). Stimuli were displayed with in 
scanner on screen. 
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3.5 Mask segmentation 
 
Masks of the STN, Striatum, Gpe and Gpi were manually segmented for each participant using the 
FLS 4.1.4 viewer (FSL; http://www.fmrib.ox.ac.uk/fsl/), by two independent researchers. Only voxels 
that were rated by both raters as belonging to the ROI were included in the final anatomical masks. 
Since the visibility of the different ROI's varied across the different scan sequences, we used the 
sequences with the best visibility as a template for the segmentation of that ROI. The striatum was 
best visible on the MP2RAGE sequence. While the striatum consists of three subdivisions: the 
putamen, fundus striati and the caudate nucleus, demarcation between these subdivisions is near 
impossible (Keuken et al., 2014). Therefore we decided in line with other work (Haber & Knutson, 
2009; Keuken et al., 2014) to segment the striatum as a whole. The STN was segmented based on 
the FLASH sequence while the Gpe and the Gpi were segmented on QSM maps that provide good 
visibility of the medial medullary that divides the internal and external segments of the Globus 
Pallidus (Mai & Paxinos, 2008). Inter-rater reliability rates (average Kappa 0.84; SD=0.09) were 
obtained per structure and participant as a measure of agreement on ROI shape and size (Cohen, 
1960). An example of the segmented structures on their respective anatomical template is 
presented in figure 4. 
  
 
3.6 Preprocessing and statistical analysis of the fMRI data 
 
Analyses of fMRI data was performed with both FMRIB Software Library (FSL; 
http://www.fmrib.ox.ac.uk/fsl/) and Matlab (MATLAB 14a, The MathWorks Inc.). Each experimental 
run was analyzed separately to control for any run related outliers. Data were corrected for motion 
artifacts using the last slice as a reference volume with MCFLIRT (Jenkinson, Bannister, Brady, & 
Smith, 2002). The extracted motion parameters were later added as nuisance regressors to the 
general linear model (GLM). In addition, the temporal differences between the acquired slices were 
Figure 4. Overview of the different anatomical scans that have been used during the registration process. The names of the 
scan sequences are displayed on the right and segmented structures are presented below each image. The left mask of each 
structure is displayed on the anatomical images. 
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corrected using a sinc-interpolation algorithm. Given the susceptibility of EPI to spatial and intensity 
distortions due to B0 field inhomogeneity’s, all the functional data were unwarped, based on the 
acquired field map. 
 
The anatomical and functional images were stripped of non-brain areas using BET (Smith et al., 
2002). Both types of scans were then used to register the segmented masks to individual functional 
space.  Since the masks were based on different MRI sequences, a two-step registration procedure 
was used. (1) The different anatomical MRI images were registered to the corresponding functional 
space for all our participants with a rigid body transformation. (2) The resulting transformational 
matrix with the rotational and translational information was then inverted and used as a matrix to 
register the segmented ROI's to functional space. This allowed for the construction of anatomical 
masks of the basal ganglia for each individual, without the need to register the images to standard 
space and thereby sacrificing the high spatial resolution.  Before the statistical analysis the time 
series were prewhitened and slow temporal drift of the signal was removed by adding a temporal 
high-pass filter with a cut-off of 120s.  Note that in order to fully utilize the benefits of the high 
spatial resolution, the functional data was not spatially smoothed in order to enhance the temporal 
signal to noise ratio. The logic behind this was that given the size of the majority of our ROI’s the 
initial high spatial resolution should be kept intact, especially given the risk that by smoothing the 
signal, activity in adjacent regions such as the substantia nigra could be attributed to the STN 
(Hollander, Keuken & Forstmann, 2015).  
 
Note that the main purpose of this study is to identify whether a pretrial emphasis on decision speed 
or accuracy results in a BOLD-level change in the striatum and the STN respectively, and whether this 
change in BOLD can be related to a drift-diffusion estimate of the decision threshold. Therefor we 
only performed a first level analysis for each experimental block of each participant with speed and 
accuracy cues as regressors for the general linear model, plus the additional motion parameters that 
were extracted during the preprocessing phase.  For the statistical analysis the data were entered in 
FSL’s general linear model based on a design matrix that was convolved with a double gamma 
hemodynamic response function, and its first derivative (Beckmann, Jenkinson & Smith, 2003). The 
derivative was added to allow any compensation for latency offsets in the hemodynamic response of 
our different ROI's, and to compensate for any further slice-time differences. The resulting 
parameter estimates (beta values) of the regression analysis were extracted for each ROI and 
translated to percentage signal change. No difference could be found between the beta values over 
the different experimental runs F(2 59)=0.36, p=0.69). The beta values were therefore averaged over 
the different runs. Because of the high interconnectivity between the ROI’s we could not assume 
complete interdependency between the different ROI’s. We therefore analyzed the effect of cue 
type on the BOLD-signal in our ROI’s with a repeated measures analysis of variance for all 
participants. Specifically we were interested in possible interactions between cue-type and ROI. To 
gain insight in the relation between the parameters of the HDDM and the BOLD-signal in the ROI’s 
we performed a multivariate regression for both experimental conditions with the parameters of the 
HDDM as dependent variables.   
 
 
4. Results 
 
In this study we used a version of the RDM with a SAT manipulation to investigate the relation 
between cue elicited activation in the basal ganglia and the setting of a response threshold. 
Participants were cued to respond fast or accurate prior to each trial. Both behavioral data and 
BOLD-level in each ROI were analyzed for a speed-accuracy tradeoff. In addition, we analyzed 
18 
 
whether the cue related changes in BOLD-level in our ROI’s could be related to changes in the 
response threshold as estimated by the HDDM.  
 
4.1 Behavioral data 
 
Prior to the experiment participants performed a calibration task that we used to equalize the task 
difficulty of the functional task. Participants all performed around 80% accuracy across the 
calibration task. The accuracy and RT data of the calibration task were then fitted with a 
proportional-rate diffusion model in order to interpolate motion strength at 80% accuracy (Palmer 
et al., 2005). The coupling of between dot motion strength, accuracy rates and response time of the 
calibration task data is shown in figure 5. Dot motion strength values at the 80% accuracy level 
ranged from 7% to 35% (Mean=15%, SD=6.7%). To see whether the optimal coherence values in 
combination with condition cues resulted in a SAT during the SAT part of the experiment, we 
analyzed the mean RT’s and accuracy data of the SAT task as well. Repeated measures ANOVAs 
showed that performance was faster [F (1, 19) = 87.26, p<0.001] (M=509ms, SD=166ms; M=832ms, 
SD=234ms) when participants were cued for speed, but less accurate [F (1, 19) = 28.48, p<0.001]. 
This interaction shows that participants indeed traded speed for performance accuracy. Figure 6 
shows mean RT and accuracy rates for both SAT conditions separately. It shows the effect of the 
experimental manipulation and gives a visual representation how accuracy is traded for an average 
increase in RT. 
 
 
 
Figure 5. Dot motion coherence has an effect on response times and accuracy rates. The data provided above is 
plotted for illustration purposes and is based on one participant. For this participant the dot-motion coherence 
level at the 80% accuracy level 11%, as indicated by the shaded area in the right panel. The left panel shows the 
average decision times for per coherence level in a chronometric curve. The right panel shows proportion of 
correct responses as a function of dot motion coherence in a psychometric curve. Error-bars indicate one 
standard error of the mean.  
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4.2 Comparison of the BOLD-signal during speed and accuracy cues 
 
No difference could be found between the three 
MRI runs F(2 59)=0.36, p=0.69). Therefore, all data 
was concatenated over the different runs and the 
remaining analysis was performed on the 
combined functional blocks. To identify the ROI’s 
in which the BOLD-level changed in accordance to 
the SAT manipulation, we performed a repeated 
measure ANOVA on the percentage signal-change 
data.  We found a small but significant interaction 
between ROI and cue type F (7 133) = 2.30, p=0.03 
indicating that some but not all ROI’s changed 
activation depending on cue type. This interaction 
mainly seemed to depend on the difference between the striatum and the subthalamic nucleus 
which is in line with our hypotheses. The striatum showed an increase in activation during speed 
emphasis and a decrease in activation during accuracy emphasis, while the STN showed a reverse 
effect that was not significant. A graphical representation of the difference in BOLD-level per ROI per 
cue is presented in figure 7; mean values are presented in table 1. Note that while our main ROI’s of 
 
* * 
* * 
Figure 7. Left Panel: activation differences between 
speed and accuracy cues for all our ROI’s; * denote 
significant differences at p<0.01. Error bars represent two 
standard errors of the MEAN.  
Figure 6. Comparison of speed and accuracy trials; mean RT distributions are presented for both speed and 
accuracy trials. Accuracy significantly increased during accuracy emphasis (66% to 79%, p<0.001) at the cost of 
lower RT (832ms versus 509ms during speed emphasis) 
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Table 1. Percentage Signal Change per ROI per Condition   
ROI         Mean signal change (%)   CI (95%) 
 
Accuracy(SD) Speed(SD) Difference Lower Upper 
GPeL -0.12(0.11) 0.06(0.22) -0.18 -0.3 -0.06 
GPeR -0.14(0.10) 0.03(0.23) -0.17 -0.29 -0.05 
GPiL -0.01(0.19) 0.01(0.18) -0.01 -0.15 0.12 
GPiR   0.01(0.19) -0.01(0.23) 0.00 -0.13 0.15 
STnL -0.27(0.28) -0.26(0.52) 0.01 -0.21 0.21 
STnR -0.12(0.42) -0.17(0.46) 0.06 -0.29 0.39 
STrL -0.08(0.13) 0.14(0.25) -0.22 -0.32 -0.11 
STrR -0.08(0.13) 0.13(0.24) -0.21 -0.31 -0.11 
Note: SD is one standard deviation of the mean; regions of interest (ROI) are lateralized; 
GPe and GPi denote the globus pallidus both external and internal while STn and STr 
denote the subthalamic nucleus and the striatum respectively; CI is the 95 confidence 
interval of the difference between Speed and accuracy cues. 
 
interest are the STN and the striatum, we also incorporated the GPe and GPi in our analysis for 
exploratory purposes. As can be seen in table 1 the GPe showed a significant speed dependent 
change in the BOLD that is similar to that of the striatum. Future studies should take this behavior 
into account.  
 
 
 
 
 
 
 
 
 
 
4.3 BG guided threshold adjustments 
  
We fitted the behavioral data of the SAT experiment with the HDDM. Since our main interest is the 
effect of cue-related BOLD activity on the decision threshold we let that parameter vary across 
speed and accuracy trials while keeping drift-rate and non-decision time stable. Bound separation as 
indicated by the threshold value was significantly higher for accuracy trials t (1 19) = 8.47, p<0.01; 
(M=1.61, SD=0.33; M=0.69, SD=0.19). We performed a multiple dependent regression analysis with 
the percentage signal-change per condition as a predictor for the model parameters. We did not 
found any significant relation between the threshold and the BOLD-level in our ROI’s during an 
emphasis decision speed or accuracy (r<0.45, p>0.06). Parameter estimates for all HDDM 
parameters are presented in table 2 and 3 in appendix B. While we did not found a significant effect 
between threshold the change in BOLD, we did found a trend in the relation between the left and 
right STN and the accuracy threshold. Both effects however differ in direction so that increased 
activity in the left STN B=-0.84, t(8)=-2.11, p=0.06 appears to decrease the threshold and activity in 
the right STN B=0.41, t(8)=1.97, p=0.06 appears to increase the threshold during an emphasis on 
decision accuracy. Since both effects are non-significant these effects cannot be used to substantiate 
our hypotheses.  In addition we found that activity in the right STN can predict an increase in drift-
rate during an emphasis on decision accuracy B=1.04, t(8)=2.68, p=0.02. However, since this is 
outside the scope of our hypotheses these results should be interpreted as exploratory results only, 
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and additional research is needed before a relation between the STN and drift-rate during an 
emphasis on decision accuracy can be established. 
 
5. Discussion 
 
In this study we investigated the relation between basal ganglia activation and the speed and 
accuracy of perceptual decisions. In line with basal ganglia theory and earlier studies, we 
hypothesized that a pretrial emphasis on decision speed would result in an increase in the striatal 
BOLD-level. In addition we expected that a pretrial emphasis on decision accuracy would result in an 
increase of the BOLD-level in the subthalamic nucleus. In line with our hypotheses we expected that 
the changes in the BOLD could be related to a decrease or an increase of the decision threshold 
respectively.  We combined a drift-diffusion estimate of a cue-dependent and participant specific 
decision threshold, with ultra-high resolution fMRI measurements of the basal ganglia nuclei during 
cue presentation. All ROI’s were segmented per participant on ultra-high resolution anatomical 
templates that visualized the individual ROI’s best. The large amount of attention paid in this study 
to participant specific brain morphology during ROI segmentation, should warrant against the 
contribution of activation of adjacent regions to our BOLD-signals. The individual ROI segmentation 
thus provides a fair conformation that the measured BOLD-levels in this study indeed originated in 
the respective ROI’s.   
 
While we found that an emphasis on decision speed indeed resulted in increased striatal BOLD-level, 
we were unable to substantiate our hypotheses based on this data set. Therefore, these results do 
not support an account of basal ganglia guided adjustments in the decision threshold. It should be 
noted however that the limited sample size in this study could have had an effect on the strength of 
the relation between the decision threshold and the BOLD-level in our ROI’s during cue 
presentation. A larger sample might strengthen the identified trend in the relation between the left 
and right STN during accuracy emphasis and the decision threshold. It should also be noted that by 
using ultra-high resolution images in combination with advanced sequence methods we were able to 
accurately segment the STN, and we suggest that this method should be used when segmenting 
small mid-brain nuclei.   
 
Taken together the lack of STN activation is more in line with the study of Forstmann and colleagues 
(2010) who suggested that the cortico-striatal circuitry sets a default decision baseline that 
corresponds to 'accurate' decision making. Deviations from baseline might then only occur during 
speed emphasis. This explanation would be in line with basal ganglia anatomy as well that shows 
that the striatum might be involved in both inhibition and excitation of the basal ganglia output 
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nuclei. Disinhibition of the basal ganglia output nuclei which corresponds to fast decision selection, 
is handled by a direct cortico-striatal circuit that is associated with D1-type dopamine receptors 
(Bogacz & Gurney, 2007). The striatum however has an additional concentration of dopamine D2 
receptors that are associated with response inhibition along a so-called indirect path (Smith et al., 
1998). Therefore the indirect path could counteract the direct path by either inhibiting or 
disinhibiting the basal ganglia output nuclei and thus the motor cortex, thereby either facilitating or 
inhibiting decision selection. Mapping neural activity on the cortico-basal ganglia circuitry is 
complicated however. The hyper-direct path that is associated with the 'STN hypothesis' has a 
counteracting pathway as well, thus excitation of the STN can inhibit as well as excite the motor 
cortex via the basal ganglia output nuclei (Nambu, 2011).  
 
In conclusion, contrary to other studies no evidence was found for a role of the basal ganglia in 
modulating the speed and accuracy of decisions. Despite using high resolution images and manually 
segmented masks of the basal ganglia nuclei, no significant relation could be established between 
changes in activation as measured by the BOLD-signal in our ROI’s, and a drift-diffusion estimate of 
the decision threshold. Additional research is necessary to shed light on whether the speed and 
accuracy of decision is modulated by the striatum and the STN respectively.  
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Appendix A 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
            Reaction time distribution 
            Posterior predictive 
Figure 9. Reaction time histogram for speed trials (red) plotted on the posterior predictive of the model (blue) for all participants. The 
width of the blue distribution is the amount of one standard deviation of the mean posterior. Correct trials are plotted as a positive 
distribution while errors are shown as negative.  
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 Figure 9. Reaction time histogram for accuracy trials (red) plotted on the posterior predictive of the model (blue) for all participants. The 
width of the blue distribution is the amount of one standard deviation of the mean posterior. Correct trials are plotted as a positive 
distribution while errors are shown as negative.  
            Reaction time distribution 
            Posterior predictive 
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Appendix B 
Table 2. Beta Values for Accuracy Dependent BOLD and HDDM 
Accuracy a sig. v sig. t sig. 
GPeL -0.62 0.46 -0.62 0.69 0.12 0.29 
GPeR -0.34 0.76 -0.85 0.68 -0.18 0.21 
GPiL 0.29 0.55 0.40 0.66 -0.13 0.06 
GPiR -0.08 0.87 -0.44 0.62 -0.02 0.79 
STnL -0.84 0.06 -1.05 0.19 0.05 0.37 
STnR 0.41 0.08 1.05* 0.02 -0.04 0.22 
STrL 0.51 0.78 -0.82 0.81 -0.37 0.13 
STrR -0.50 0.79 1.53 0.67 0.42 0.11 
note: Beta estimates and their significance levels of the relation between the 
HDDM parameters and the cue dependent BOLD-level; a denotes the decision 
threshold, v the drift-rate and t non-decision time. Note that in our model 
only the decision threshold was allowed to vary across conditions. 
 
Table 3. Beta Values for Speed  Dependent BOLD and HDDM 
Speed a sig. v sig. t sig. 
GPeL -0.29 0.39 0.21 0.87 -0.16 0.06 
GPeR 0.29 0.45 0.58 0.69 0.04 0.65 
GPiL 0.10 0.73 -0.31 0.78 0.09 0.19 
GPiR 0.16 0.52 -0.56 0.55 -0.02 0.75 
STnL 0.10 0.31 0.10 0.78 0.01 0.53 
STnR 0.05 0.70 -0.19 0.73 0.04 0.22 
STrL -1.72 0.28 -4.82 0.42 -0.45 0.24 
STrR 1.75 0.30 4.62 0.47 0.49 0.23 
note: Beta estimates and their significance levels of the relation between 
the HDDM parameters and the cue dependent BOLD-level; a denotes the 
decision threshold, v the drift-rate and t non-decision time. Note that in 
our model only the decision threshold was allowed to vary across 
conditions. 
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